ABSTRACT
in damages. To improve the accuracy of adjudication in securities litigation, we suggest that litigants report the statistical power of their event studies, that courts allow litigants flexibility to deal with the problem of confounding effects, and that courts and litigants consider the possibility of upward bias in the detection of price impacts and the estimation of damages.

INTRODUCTION
An event study is a statistical method for determining whether some event-such as the announcement of earnings or the announcement of a proposed merger-is associated with a statistically significant change in the price of a company's stock. 1 The main inputs to an event study are historical stock returns for the companies under study, benchmark returns like the return to the broader market, and standard statistical tests like ttests that are used to test for statistical significance. In securities litigation and regulation, event studies are used primarily to detect the impact of disclosures of alleged fraud on the price of a traded security.
After the Supreme Court endorsed the fraud-on-the-market doctrine in Basic Inc. v. Levinson 2 in 1988, event studies became so entrenched in securities litigation that they are viewed as necessary in every case.
3 Based on the efficient markets hypothesis that "the market price of shares traded on well-developed markets reflects all publicly available information, and, hence, any material misrepresentations," 4 securities litigants use the event study to help answer two crucial questions. First, was there a price impact Credit Suisse Secs. LLC, 752 F.3d 82, 86 (1st Cir. 2014) ("The usual-it is fair to say 'preferred'-method of proving loss causation in a securities fraud case is through an event study, in which an expert determines the extent to which the changes in the price of a security result from events such as disclosure of negative information about a company, and the extent to which those changes result from other factors."); In re Oracle Sec. Litig., 829 F. Supp. 1176 Supp. , 1181 (N.D. Cal. 1993 ) (citation omitted) ("Use of an event study or similar analysis is necessary . . . to [more accurately] isolate the influences of information specific to Oracle which defendants allegedly have distorted. As a result of his failure to employ such a study, the results reached by [plaintiffs' expert] cannot be evaluated by standard measures of statistical significance. Hence, the reliability of the magnitude and direction of his value estimates are incapable of verification.").
4. Basic, 485 U.S. at 246.
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at the time of an alleged misrepresentation or corrective disclosure? Second, if there was a price impact, how much of it was caused by the alleged misrepresentation or corrective disclosure as opposed to other, unrelated factors? 5 In proposing answers to these questions, litigants have not been shy in asserting the event study's impressive academic pedigree. 6 But the methodology that litigants use in court differs from the methodology used in academic research. In particular, securities litigation event studies are almost always single-firm event studies ("SFESs") that examine the price moves of the security of the single firm involved in the litigation, 7 while almost all academic research event studies are multi-firm event studies ("MFESs") that examine large samples of securities from multiple firms. 8 Importing a methodology that economists developed for use with multiple firms into a single-firm context creates three substantial difficulties: low statistical power, confounding effects, and bias.
First, an SFES often has low statistical "power" to detect an economically meaningful price impact, which typically must be at least approximately twice as large as the standard deviation of daily (abnormal) returns for the examined firm. But requiring conventional levels of statistical significance when power is low effectively gives a "free pass" to economically meaningful securities fraud because the SFES simply cannot detect price impacts below a high threshold. Courts, ignoring low power, study' analysis to determine whether the six statements at issue had any impact on the trading price of Nortel's stock.").
8. See, e.g., Kothari & Warner, supra note 1, at 8 ("An event study typically tries to examine return behavior for a sample of firms experiencing a common type of event (e.g., a stock split)."). SFESs are rare in the peer-reviewed literature. See, e.g., Corrado, supra note 1, at 209 ("The skeletal econometric structure of an event study is well illustrated by the case of a single security-event date combination. While such studies rarely find their way into a research journal, they are common in certain legal proceedings."). One example of a single-firm event study in the peer-reviewed finance literature is Richard S. Ruback, The Cities Service Takeover: A Case Study, 38 J. FIN. 319 (1983 then conclude that some economically large price impacts are immaterial. Courts err because of their mistaken premise that statistical insignificance indicates the probable absence of a price impact. Overreliance on statistical significance without consideration of statistical power "leads to a decision-making regime in which the probability of an incorrect exoneration far exceeds the probability of an incorrect condemnation." 9 While it is possible that this regime reflects a rational policy judgment, we see no evidence such a judgment has been made deliberately.
Second, when an SFES does detect a price impact, it reflects confounding effects that are unrelated to the alleged fraud. Unfortunately, there is no fully reliable, mathematically precise way to decompose an observed event return in an SFES into component parts: the part related to alleged fraud and the part not related to alleged fraud. Financial economists have long understood that our ability to fully explain observed price moves is quite limited; 10 much price movement occurs for reasons unrelated to news, including as a result of the liquidity trades of investors in the market seeking to raise funds for other purposes and the (at least short-term) impact of "noise traders" who trade for irrational reasons.
Third, low statistical power and confounding effects combine to generate sizeable upward bias in detected price impacts and damages (i.e., overstating the magnitude of a price impact and damages). This upward bias problem means that we cannot leave confounding effects unaddressed in the hope that they are as likely to be on one side of the true price effect as on the other. For example, suppose the true price impact is -2.0%, but the requirement of statistical significance is such that price impacts less severe than -2.94% will be rejected as statistically insignificant. In that case, a price impact will be detected only when there are confounding effects that push the observed price impact past -2.94%. As we show later, the expected detected price impact in such situations is -3.9%, substantially higher than -2.0%, the true price impact.
These problems help explain why the SFES methodology is applied so infrequently in peer-reviewed research. But the same problems have not limited the use of the SFES in securities litigation. Securities litigants use SFESs to show that securities did or did not trade in an efficient market, to establish that alleged misrepresentations did or did not impact the stock price for purposes of materiality and reliance, and to determine the [VOL. 93:583 existence or absence of loss causation and amount of damages. We are not the first to point out that SFESs have low statistical power and are subject to problems with confounding effects (though we are, to our knowledge, the first to point out the bias problem in this context).
11 But especially since courts are increasingly required to address price impact evidence at the class certification stage by using event studies, 12 it is time to review the limitations of the single-firm event study in securities litigationparticularly those limitations that arise from low power, confounding effects, and bias-in order to provide courts and litigants with a firmer basis for considering evidence based on single-firm event studies.
In Part I, we explain why the SFES as typically applied in securities litigation has low statistical power, in the sense that it cannot detect price impacts reliably unless they are large. In Part II, we explain the problem of confounding effects. In Part III, we explain how low statistical power and confounding effects combine to generate bias in detected price impacts. We conclude with proposals for improving the accuracy of adjudication involving SFESs. These include requiring litigants to report the power of their analyses, allowing litigants flexibility to address the problem of confounding effects, and encouraging courts and litigants to consider the possibility of upward bias in the detection of price impacts and the estimation of damages. 
I. DIFFICULTY #1: LOW STATISTICAL POWER
A. Abnormal Returns and Type I Error
The main question addressed in an event study is whether a particular event was associated with a change in the price of a firm's securities. In securities litigation,
[t]he classic example of a loss-inducing event is a corrective disclosure by the company itself. A corrective disclosure is traditionally an admission by the company that one or more of its previous statements were false or misleading followed by a corrected, truthful and complete version of those statements. The event need not take this form, however. The event could be a credit ratings downgrade, or the collapse of the company. 14 Financial economists typically analyze price changes by analyzing returns (i.e., change in price, plus dividends or other distributions, divided by price, which is more easily comparable across firms than price). An event changes the value of the firm's securities if it changes the probability distribution of security returns. 15 Consider Figure 1 , which shows an example probability distribution for the daily return of a hypothetical single stock, and which is reflective of the daily standard deviation and return of a typical large cap stock. 15. See, e.g., MacKinlay, supra note 1, at 14 (describing the question in an event study as whether "the event has no impact on the distributions of returns"). The mean of this probability distribution is at zero because we are interested in the part of a security's returns that are not explained by longrun average returns, returns in the broader market, or returns of the firm's industry or the like. When the market as a whole goes down, many securities tend to go down as well, since the market is just the collection of all securities. When all the other stocks in a firm's industry are moving in one direction on a given day (perhaps because of news in the market about the prospects for that industry), the returns of a firm in that industry will tend to move in that direction as well. In an event study, we want to remove the part of the returns of the examined firm that are explained by co-movement with market, industry, or other broader moves, so we can better isolate the firm-specific event we are studying. In essence, we are trying to remove any return that would have occurred anyway absent the event. The failure to make adjustments for the effect of market and industry moves nearly always dooms an analysis of securities prices in litigation. 16 Typically, parties remove co-movement using market indexes proper event study to exclude effects on price of market and industry movements and noting that "[f]ailure to conduct an event study comparing the stock's price to the market as a whole or a selected index of similar businesses is enough to cause an expert's opinion to be excluded"). and industry indexes, but these methods can become quite sophisticated in practice.
What is left over after subtracting the return predicted by co-movement with other stocks is called the "abnormal return." On any given day, the abnormal return may fluctuate within a large range. For example, the standard deviation of the abnormal daily return in Figure 1 is 1.5%, so we would expect 95% of abnormal returns to occur between -2.94% and +2.94%. This is based on the normal distribution we've drawn here, normality still being the assumption of most work in practice.
17
Now consider the occurrence of an event of interest like a corrective disclosure. The standard approach is to calculate a test statistic based on the observed abnormal return on the event day divided by the standard deviation of abnormal returns.
18 If the test statistic exceeds a "critical" value, 19 the return is said to be "statistically significant," in the sense that a return of that magnitude has a relatively small probability of occurring if the event did not have a price impact. 18. See, e.g., Corrado, supra note 8, at 211 (setting forth test statistic as the abnormal return divided by the square root of the variance of the abnormal return).
19. Id. ("Assuming returns are normally distributed, the test statistic . . . is distributed as Studentt with n-2 degrees of freedom (df).").
20. Id. ("A test statistic larger than the upper-tail critical value . . . provides statistical evidence that the merger announcement had a significant positive impact on the stock price on the event date. Similarly, a test statistic less than the lower-tail critical value . . . would provide evidence that the announcement had a significant negative impact.").
21. Note that while we have represented a two-tailed test here, one-tailed tests may be more appropriate in testing for the alternative of a price impact that is less than zero (the usual case for a corrective disclosure) or greater than zero (the usual case at the time of a misrepresentation that allegedly inflates the security price). See, e.g., Brown & Warner, supra note 17, at 12-13 (using a onetailed 5% test for power analysis). There is usually no basis for objecting to an expert's analysis on the grounds that the expert used a one-tailed test. Cf. In re Novatel Wireless Sec. Litig., 910 F. Supp. case, we will say that an event day return is statistically significant if it is greater in magnitude than one of the critical values (i.e., if it falls in the darkened tails, which theoretically extend infinitely in both directions with increasingly small probability).
FIGURE 2: STATISTICAL SIGNIFICANCE
The idea behind the selection of critical values is that, all else equal, we do not want to conclude that a price impact occurred from the event when what in fact happened is that we observed a routine return from the same abnormal return distribution centered at zero. In other words, we want to avoid improperly rejecting the possibility that the negative return reflected normal fluctuations and not the event. To address this problem, we require that the observed return be sufficiently extreme that we will make that mistake only a small percentage of the time. That percentage is called the significance level, or "size," of the test. Type I error is the probability of concluding that the event caused a price impact when it did not. 22 Ideally, we want a low probability of Type I error, and it is common to fix size at 5%, though other choices like 1%, 2.5%, or 10% are also used in research test to be unreliable and [plaintiffs' expert] has provided a reasonable explanation for using the onetailed test, the Court finds that it is not an issue of admissibility, but rather of probative value to be addressed at trial.").
See generally GEORGE CASELLA & ROGER L. BERGER, STATISTICAL INFERENCE 358-65 (1990).
practice. 23 It is crucial to understand that statistical significance is simply describing a set of returns that would be unusual to observe if there was no price impact. Lack of statistical significance does not tell us that it is more probable than not that there was no price impact.
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B. Abnormal Returns and Type II Error
Power is the ability to detect a true effect (e.g., a price impact due to fraud) when it exists. "Analysis of the power of statistical tests is an important part of planning any scientific research study . . . ." 25 As described above, a Type I error is the error of concluding that there was an effect when there was none. The second kind of mistake is the converse: failing to find an effect that exists. That is, we observe an abnormal return that is not statistically significant and conclude that there was no price impact, when in fact there was one. This is known as a Type II error. The "power" of a test is one minus the probability of a Type II error. 26 Suppose that the true price impact of a corrective disclosure was -2.0%, so that the abnormal distribution on the event date had the same standard deviation as the no-event distribution but with a -2.0% mean rather than a zero mean. Figure 3 illustrates why the SFES will miss detecting that price impact with high probability. RESEARCH RESULTS 52 (2010) ("Statistical power describes the probability that a test will correctly identify a genuine effect. Technically, the power of a test is defined as the probability that it will reject a false null hypothesis. Thus, power is inversely related to . . . the probability of making a Type II error."); JACOB COHEN, STATISTICAL POWER ANALYSIS FOR THE BEHAVIORAL SCIENCES 5 (2d. ed. 1988) (describing Type II error as (1-power)).
[VOL. 93:583 FIGURE 3: POWER We can refer to the mean zero distribution as the "no-price-impact distribution" and the mean -2.0% distribution as the "price-impact distribution." Having chosen the size of our test (which determines the areas of the darkened tails in the no-price-impact distribution), we can see that when the price-impact distribution generates the abnormal return (i.e., there is a price impact), we will make a Type II error anytime the return from the price-impact distribution is to the right of the lower critical value return but to the left of the upper critical value return. Our requirement of statistical significance leads us to the wrong inference in those cases where the price-impact distribution generated the return in that range. As we have drawn the distributions here, we will make a Type II error 73.4% of the time that there is a price impact, because 73.4% of the price-impact distribution is to the right of the critical value generating return and to the left of the upper critical value. Obviously, the further away the priceimpact distribution is from the no-price-impact distribution, the more power we have. So the SFES can detect very large price impacts reliably, but it cannot detect smaller price impacts reliably. Unless the price impact is large relative to the standard deviation of returns (i.e., more than about two standard deviations away from zero), an SFES can easily miss it.
What is the likely importance of this problem in practice? In one review, power in the SFES context ranges from 5% to 17%, depending on assumptions of effect size and standard deviation. 27 But it may be easier to understand the power problem in dollar terms. In Table I , we use data from Wharton Research Data Services ("WRDS") to sort U.S. firms with ordinary common shares into deciles by size from smallest to largest. We use a four-factor model to estimate abnormal returns for 2014 for each of 4298 firms that had data available for all 252 trading days. The first column gives the ten size deciles, with the 10% of firms that are smallest by beginning-of-year 2014 equity market capitalization being in the 1st decile and so on through the 10% of firms that are largest in the 10th decile. The second column is the average beginning of year equity market capitalization for firms in that decile. The third column is the average standard deviation of 2014 abnormal returns for each firm in that decile. The fourth column is the minimum price impact on the equity value of the average-sized firm in that decile that would be detectable with a 27. See MacKinlay, supra note 1, at 29 tbl.2; see also Kothari & Warner, supra note 1, at 17-18 (providing charts appearing to show power starting at sample size of one).
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28. Specifically, for each firm with available daily return data for the entire year we estimate a regression of the firm's daily return in excess of the daily risk free rate on four factors, obtained from Ken French's website at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. These factors are the market factor in excess of the risk free rate, portfolio factors meant to capture size, book-to-market effects in stock returns, and a portfolio factor meant to capture stock momentum effects. See KLIGER & GUREVICH, supra note 1, at 31 (four-factor model using Fama-French and Carhart factors "may allow for more precise measurement of [normal returns] and, consequently, more accurate estimation of market reaction to the studied event"). For each firm, we then compute the residual standard deviation obtained from these least squares regressions.
[VOL. 93:583 1.96 average standard deviation cut-off for that decile. Consider decile 8 firms-those in the top 30% of firms by size but not in the top 20%. These firms have an average beginning-of-year 2014 equity market capitalization of $2.888 billion. The standard deviation of their abnormal returns in 2014 was 1.6%. If the test statistic requires that a detected abnormal return on event day be 1.96 standard deviations from zero to be statistically significant, then the event day price impact must be at least $90.6 million for the SFES to detect it, assuming there are no confounding effects pushing it toward significance. For firms in decile 10-the biggest 10% of firms-the price impact must be nearly $900 million to be detectable by an SFES. Of course, if there were confounding effects going in the opposite direction (e.g., positive news announced with a corrective disclosure), then the price impact would have to be even bigger for the SFES to detect it. This is a strange state of affairs. Suppose, for example, that an average decile 10 firm announced that a now-fired management team had fraudulently overstated its cash by $300 million, but the company could not recover against the management or the company's auditors who, we may assume, found the overstatement in the course of their audit. Suppose further that the market recognized the $300 million loss and the value of the firm fell a further $200 million on the belief that further problems might be forthcoming. All else equal, the value of the firm would decline $500 million. There would be little doubt that the fraud caused at least $300 million of that fall. But even the total price move ($300 million plus $200 million) would be statistically insignificant in an SFES because it falls below the approximately $900 million detectability threshold for decile 10 firms. It is hard to believe this is the right conclusion. And indeed, we would expect a court to look beyond event study evidence to the more direct measure of impact on value that would be available in this example.
In Table II , we present power for combinations of standard deviations and price impacts. We assume a two-tailed test statistic as in Figures 2 and  3 , and a test statistic that is 1.96 standard deviations from zero on both sides (i.e., a standard two-tailed significance level of 5%). 29 29. In terms of Figure 3 , power is the area to the left of the lower critical value under an alternative distribution centered at the price impact with the same standard deviation, plus the (tiny) area to the right of the upper critical value under the same alternative distribution. See, e.g., MacKinlay, supra note 1, at 28 (presenting the power calculation formula). Table II demonstrates how power is a function of effect size and standard deviation, holding significance level constant, given a normal distribution assumption for abnormal returns. The probability of Type II error is one minus power. So, for example, when standard deviation is 1.5% and the true price impact is -2.0%, power is only about 26.6%, thus making the probability of Type II error about 73.4%, as in Figure 3 .
C. Statistical Significance and Likelihood Ratios
Consider Figure 3 again. One reason to be concerned that the price impact of -2.0% will show up as statistically insignificant is that -2.0% is much more probable under the price-impact distribution than under the noprice-impact distribution. That is, the ratio of the height of the priceimpact distribution to the height of the no-price-impact distribution, both evaluated at -2.0%, shows that it is more likely than not that there was a price impact. This ratio-a likelihood ratio-is a standard calculation in statistics and may be particularly useful for the kinds of problems that arise in litigation. 30 Table III presents likelihood ratio calculations for the price impact and standard deviation combinations presented in Table II . The number in each cell is the ratio of the probability of the price-impact distribution to the probability of the no-price-impact distribution at the posited price impact, where we assume normality of both distributions and where the mean of the price-impact distribution is the posited price impact and the mean of the no-price-impact distribution is zero. Asterisks denote that the observed [VOL. 93:583 return is at least 1.96 standard deviations from 0% (i.e., that the observed return is "statistically significant" at the two-tailed 5% level at that level of standard deviation). Table III demonstrates that an observed price impact is always more probable under a distribution centered at that price impact than under the no-price-impact distribution. This is the "maximum likelihood" estimate of the mean price impact that maximizes the likelihood at that point. It illustrates quite a different picture than significance levels provide. For instance, consider our example of a price impact of -2.0% when the standard deviation is 1.5%. Figure 3 demonstrates why the -2.0% return will fail a statistical significance test, which is shown by the absence of an asterisk for that entry. Figure 3 and Table II show, however, that the test statistic that failed to show statistical significance had only about 26.6% power to find the price impact centered at -2.0%. Table III illustrates a concern with this result: -2.0% is 2.43 times more likely under a priceimpact distribution centered at -2.0% than under the no-price-impact distribution centered at 0%. Notwithstanding statistical insignificance, it is far more likely than not that there was a price impact centered at -2.0% than that there was no price impact.
Likelihood ratios are not, however, a panacea for the low power plaguing SFESs, because choosing a price impact based on likelihood ratios generates a higher probability of Type I error. For example, consider a -1.0% observed and mean price impact when the standard deviation is 1.5%. According to Table II, power is only 10.2%, so the probability of a Type II error is 89.8%. The likelihood ratio evaluated at -1.0% is 1.25, which slightly favors price impact over no price impact. But the probability of Type I error at -1.0% is now just over 50% (which is the cumulative probability under the no price impact distribution up to -1.0% with standard deviation of 1.5% and assumed normality, times two (to reflect both tails)). So while the likelihood ratio recognizes that price impact may be more probable than no price impact even when there is statistical insignificance, a decision rule that replaced statistical significance with a likelihood ratio test based on picking the most likely state-price impact or no price impact-comes at the cost of higher probability of a Type I error (i.e., a greater chance of a false positive when testing for price impact). Nevertheless, the likelihood ratio-properly defined to balance Type I and Type II error-may have a better connection to evidentiary burdens than simple reliance on Type I error as it is unconnected to such burdens and insensitive to Type II error.
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D. Low Power and Statistical Insignificance in Case Law
Many cases address statistical significance of event study results. Consider Goldkrantz v. Griffin, 32 where plaintiff shareholders brought a securities class action against defendants for an alleged misrepresentation. When the defendant company cured the alleged misrepresentation by corrective disclosure in a 10-K filing, the stock price fell by 2.64%.
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Defendants' expert submitted an event study where the critical return for statistical significance was -4.41%, so the price impact of -2.64% was rejected as statistically insignificant. The Plaintiffs submitted a report of an expert criticizing the SFES as "highly suspect," but the court was unconvinced:
Plaintiff's argument that adopting a different confidence interval [i.e., different lower and upper critical values] could make the 2.64% stock price change in March statistically significant is of course true. Plaintiff has, however, provided no explanation for why a 95% confidence interval [i.e., a size of 5%] is inappropriate, other than its failure to pick up the 2.64% price change. In particular, We should be concerned with this result. The critical value of -4.41% meant that any price impact less than that amount was rendered effectively non-actionable. But a price impact of -2.64% certainly seems economically significant. Assuming that -4.41% was 1.96 standard deviations from zero, the standard deviation was 2.25%. In that case, the power to detect a price impact of, say, -4.0% was only 42.8%, so that the probability of a Type I error was only 5% while the probability of a Type II error was 57.2%. The power to detect a price impact of -2.64%-the observed impact-was only 21.7%, with the same probability of Type I error of 5% but a probability of Type II error of 78.3%. The likelihood ratio in favor of a -2.64% price impact was 1.99. Thus, the court's decision exonerated the defendant by relying on a decision rule that was heavily stacked against the plaintiffs. Even where defense experts have asserted that "a price decline would have to be greater than 6.3% in order to be statistically significant," 35 courts have not stopped to consider whether it is sensible to limit the application of the securities fraud laws to such large price moves. While courts have examined statistical power in cases from other areas of law where proper statistical practice is important, 36 serious consideration of statistical power is absent from opinions addressing event studies. Instead, these opinions reject price impacts as statistically insignificant even though it is likely that the event study methodology had no power to detect highly probable and economically meaningful price impacts.
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Thus far, problems with power have so far shown up most noticeably in the use of SFESs to determine whether a market is "efficient" for purposes of invoking the fraud-on-the-market presumption of reliance. Judicial findings of market efficiency for fraud-on-the-market purposes have always been somewhat at odds with academic research. There is no generally accepted method in financial economics for determining whether a security trades in an efficient market, and the so-called Cammer factors that are important in the courts have no general acceptance-indeed, are not even used-in academic research for that purpose. 39 Nevertheless, under existing law, courts must decide when information transmission in markets is sufficient to allow the use of the fraud-on-the-market doctrine, and markets need not be efficient-as economists understand the termfor that doctrine to make sense. 40. See Fisch, supra note 11, at 898 ("Although market efficiency is neither a necessary nor a sufficient condition to establish that misinformation has distorted prices, most courts have concluded that the threshold inquiry in Basic is satisfied by proof that the misrepresentations were publicly made and 'that the stock traded in an efficient market. [VOL. 93:583
In practice, this has meant, in part, that plaintiffs must show the existence of statistically significant price reactions to firm-specific news. 41 From the start, this is an odd test, and one that seems to assume that prices are not efficient unless price reactions are large enough to be statistically significant. This reflects a misunderstanding of efficiency. Prices can react efficiently to information even though the price reactions themselves are not so unusual in size as to approach statistical significance. 42 The question for efficiency is whether the price reaction accurately reflected the impact of the news on the value of the firm-whether that impact was .1, .5, 1, 1.96, 3, or more standard deviations of value change. Thus, while a statistically significant reaction to a firm-specific news event is evidence that information was reflected in the price (absent confounding effects), the converse is not true-the failure of the price to react so extremely as to be two standard deviations from average does not establish that the market is inefficient; it may mean only that the correctly-sized value impact that occurred was less than 1.96 standard deviations from the mean. While some courts have been sensitive to this distinction by rejecting bad arguments to the contrary, 43 other courts have remained inattentive to this fact, which has generated inaccurate findings in some securities cases. A troubling recent example is In re American International Group, Inc., 44 a case where the court determined that defendants had rebutted the fraud-onthe-market presumption on certain dates because price moves were statistically significant only at the 10% level (size) but not the 5% level. Similarly, when courts say things such as "[i]n an efficient market, stock prices should show statistically significant abnormal returns on days in which unexpected, material information is released into the market," 46 they must recognize that they have implicitly defined materiality to mean a 1.96 standard deviation price move, so that, referring back to Table 1 , a fraud of $700 million is not "material" for a $42 billion dollar companya proposition with which many would disagree.
The Supreme Court has held that information is material if it "would have been viewed by the reasonable investor as having significantly altered the 'total mix' of information made available."
47 Materiality "depends on the significance the reasonable investor would place on the withheld or misrepresented information," 48 not on "statistical" significance. 49 In the model of informationally-responsive financial markets that underlies the fraud-on-the-market doctrine, materiality means "that there has been an effect on the market price." 50 To be sure, the Supreme Court has recognized that there could be such a thing as "too low a standard of materiality," 51 but there is no reason to believe that the answer to that problem is to define the materiality threshold as 1.96 standard deviations from zero.
E. An Aside on Power and the MFES
It may be helpful to understand why low statistical power does not plague the MFES like it does the SFES. Suppose we have not one but sixteen firms that experienced the event we studied above. We can assume that each firm is otherwise the same and can be represented on an individual-firm basis to have the probability distributions given in Figure  3 . When we combine the abnormal returns from the sixteen firms into a [VOL. 93:583 sample average, the result is a very different set of distributions for the average, as shown in Figure 4 .
FIGURE 4: POWER WITH 16 FIRMS
The distributions for the sample average abnormal return are now much tighter, because the standard deviation of a sample mean's distribution (as opposed to the standard deviation of a distribution generating a single abnormal return) falls as the number of observations reflected in the sample mean increases. Concentrating on the average abnormal return of 16 sample firms raises the "signal-to-noise ratio of the measured security price reaction to the studied event." 52 This greater precision (i.e., the lower standard deviation) shows up in excellent statistical power. With the same size test as before (5% chance of Type I error), our statistical power is now in excess of 99.9%. We are virtually certain to detect the existence of the price impact if it exists.
The problem is that we are unable to apply the multi-firm approach in securities litigation. While increasing the number of firms would increase power to detect the effect of events, the event at issue in securities litigation typically is unique to the firm in the litigation. It is unlikely that a court would be satisified with an analysis that attempted to incorporate ripple effects of the event in the prices of related firms, or with an analysis that attempted to identify 'similar' instances of misrepresentation by other 52. KLIGER & GUREVICH, supra note 1, at 32. defendants in other litigation, because the incorporated events would not be probative enough of the price impact of the event at issue on the defendant firm in the securities litigation at hand.
II. DIFFICULTY #2: CONFOUNDING EFFECTS
A. The Problem
Causes of price impacts unrelated to the event under study are "confounding effects." Sometimes confounding effects are apparent, such as when, in an event study of dividend omissions, a firm simultaneously announces bad earnings, which makes it more difficult to determine how much of the observed price impact resulted from the dividend omission and how much from the negative earnings announcement. 53 But most stock movements on a given day are impossible to decompose into their constituent parts by individual causal factor, and the abnormal return of an event study is no exception. 54 Clearly, security returns react to causes other than the announcement under consideration. To assess the effect of the announcement itself . . . it would be useful to identify those causes and to remove their effects from the data. It is unlikely, however, that all relevant factors can be identified or, even if they could, that their cumulative effect on each observed return could be measured.
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In an MFES, this is of less concern because-as Figure 4 illustratesaveraging numerous abnormal returns across firms tends to average away the effects of unrelated price movements (or, more precisely, average them to their mean of zero), which leaves a better estimate of the mean price impact of the event under study. The matter is much more difficult in an SFES because there is no averaging away of confounding effects. When we observe a single abnormal return of, say, -4.0%, we could have observed the actual price impact without contamination by confounding effects. But we also could have observed a combination of an event price impact of, say, -2.5% and an unrelated price impact of -1.5%. Or we could [VOL. 93:583 have observed a combination of an event price impact of -5.0% and an unrelated price impact of +1.0% in the other direction. In general, the abnormal return we observe is comprised of a component related to the event plus a component related to non-event movements, but we have no mathematically precise way to separate them from each other.
56
B. Confounding Effects in Case Law
Courts are well aware that confounding effects are "[a] recurring problem in event studies" in securities litigation. 57 For example, a key issue in securities fraud cases is loss causation-demonstrating that the defendant's misrepresentation caused the losses that plaintiff seeks to recover. 58 The event study plays a prominent role in addressing loss causation. As one court summarized:
Sorting out which declines were caused by such extraneous factors and which were caused by [disclosure of the fraud] is generally the province of an expert. It is an expert that produces the almost obligatory 'event study' that begins by isolating stock declines associated with market-wide and industry-wide downturns from those specific to the company itself. Once plaintiff's expert has isolated days where the stock declines were statistically significant relative to these downturns, he must consider firm-specific events that might have caused those declines.
59
Failing to distinguish the fraud versus non-fraud causes of a price decline is generally fatal, especially where there are obvious confounding events occurring on the same day. 60 As one group of commentators has observed, many cases involve defense expert witnesses 56. In addition, the abnormal return will also contain a component related to the fact that there is measurement error in the estimation of the parameters of the model generating the expected return. See MacKinlay, supra note 1, at 21 (observing that the variance of abnormal returns contains components due to the sampling error in measuring predicted returns).
57 parsing every announcement by a company to attempt to isolate factors that negatively impacted the stock price, but which were not related to the alleged fraud. Not surprisingly, plaintiffs' experts take a different approach, generally defining the fraud as broadly as possible so that all of a company's announcements that harmed the stock price are deemed to be fraud-related. This "battle of the experts" is at the heart of many of today's securities cases. 61 While the event study itself is a first step in loss causation analyses, the expert must then work to decompose price effects outside the framework of the event study methodology. 62 Because that effort is necessarily partly subjective and less constrained by generally accepted quantitative methods, it has proven unsatisfactory to some courts. These courts have complained that such efforts are based on "unprovable and often unexplained assumptions," 63 that they are no "more than observations and market rumors," 64 and that they reflect little more than "a judgment call as to confounding information without any methodological underpinning." 65 Courts have recognized the possibility of studying intraday returns when confounding events occur sequentially instead of overlapping, and other means of addressing the confounding effects problem have been suggested as well. 66 At the end of the day, however, most stocks "are routinely [VOL. 93:583 affected by events that may not be pinpointed by inspecting the media sources: generally, stock prices continuously change, while only rarely these changes may be linked to specific information releases." 67 As a result, courts may have excessively high expectations of the ability of litigants-whether plaintiff or defendant-to decompose an observed return into a component caused by fraud and a component caused by other factors. 68 There simply is no fully reliable, mathematically precise way to do so. Financial economists have long understood that our ability to fully explain observed price moves is quite limited; 69 much price movement probably occurs for reasons unrelated to news, including the liquidity trades of investors in the market seeking to raise funds for other purposes and the trades of noise traders who trade for irrational reasons. 70 
III. DIFFICULTY #3: BIAS
When low statistical power meets confounding effects, the result is biased estimates of detected price impacts. When statistical power is low, small price impacts may get detected only because of confounding effects. Consider Figure 3 again. The true price impact was -2.0%, but the SFES had no power to detect that impact on its own; -2.0% is between the critical values and will show up as statistically insignificant if it occurs as a "clean" price move. The SFES will detect the price impact as statistically significant only when there are enough confounding effects to push the overall price impact past -2.94% (which is -1.96 multiplied by the standard deviation of 1.5%). When we detect a price impact in such situations, it is as if we are sampling from a truncated distribution, as shown below in Figure 5 . Unfortunately, the expected value of that distribution is not the true price impact, which was cut off by our critical value.
FIGURE 5: BIAS
As power improves-in other words, as the alternative distribution gets further away from the null distribution (i.e., the effect size we are looking for increases)-the bias goes to zero, as shown below in Figures 6 and 7. FIGURE 6: BIAS FIGURE 7: BIAS This bias problem is well known in scientific contexts. For example, in a leading neuroscience journal, authors described how the problem plagues neuroscience studies:
[E]ven when an underpowered study discovers a true effect, it is likely that the estimate of the magnitude of that effect provided by that study will be exaggerated. This effect inflation is often referred to as the 'winner's curse' and is likely to occur whenever claims of discovery are based on thresholds of statistical significance (for example, p < 0.05) or other selection filters (for example, a Bayes factor better than a given value or a false-discovery rate below a given value). Effect inflation is worst for small, low-powered studies, which can only detect effects that happen to be large. If, for example, the true effect is medium-sized, only those small studies that, by chance, overestimate the magnitude of the effect will pass the threshold for discovery. 71 But the bias problem seems to have gone unnoticed in the SFES context, despite its likely importance given the combination of low power and confounding effects. In Table IV , we present the expected value of truncated distributions. 72 In each case, the cutoff point is the point that is -1.96 standard deviations from zero under the no-price-impact distribution. -9.6% -9.8% -10.0% -10.2% -10.9% -12.0% 3.0 -7.1% -7.3% -7.5% -7.7% -8.0% -9.0% -10.5% 2.0 -4.8% -5.0% -5.2% -5.5% -6.0% -7.7% -10.0% 1.5 -3.6% -3.9% -4.2% -4.6% -5.3% -7.5% -10.0% 1.0 -2.5% -2.8% -3.3% -4.1% -5.0% -7.5% -10.0%
Continuing our example, consider again Figure 5 , where the standard deviation is 1.5% and the alternative distribution was centered at a price impact of -2.0%. The lower critical value of -2.94% is the upper cutoff of the alternative distribution. If the true price-impact distribution is centered at -2.0%, we will observe statistically significant results only when we get a return from the tail of the price-impact distribution to the left of -2.94%. The expected value (average draw) from that truncated distribution is -3.9%. That is, while low power (recall that power is 26.6% in this scenario) means we are unlikely to get a statistically significant result, the problem is that, when we do, the expected value of the statistically significant return we do see is -3.9%, which is significantly biased from -2.0%.
Note that as power improves in the lower right-hand corner of Table  IV , the expected value converges on its true value. So, for example, when the true price impact is -10% and the standard deviation is 1.5%, the expected value is -10.0%. The large negative values in the upper left-hand corner may appear anomalous, but they are not. Consider the case when the standard deviation is 3.0% and the true price impact is -1.0%. In that case, it is unlikely that we will observe a statistically significant result; [VOL. 93:583 power is only 6.3% in Table II . But if we do get statistical significance, it is because we have observed a return that is at least -5.88% (3.0% x -1.96). The average of the values from minus infinity to -5.88% under the truncated probability distribution is indeed -7.1%.
These results demonstrate that we cannot leave confounding effects unaddressed in the hope that they are as likely to be on one side of the true price effect as on the other. To the contrary, when power is low and confounding effects are likely, the bias in price impacts-and therefore in damages-is upward (i.e., in the direction of more severe price impacts) and not downward. 73 
CONCLUSION
The multi-firm event study was a breakthrough research method in financial economics, 74 but the single-firm event study differs from the multi-firm event study in a fundamental sense. By examining only one firm event at a time, the single-firm event study runs into trouble with low statistical power, confounding effects, and bias. No economic methodology is perfect, of course, and the questions that securities litigation presents need answers. Still, a review of the case law suggests that courts and litigants have often failed to recognize the special difficulties that the SFES presents, especially the problems that result from low power, and accuracy of securities litigation adjudication has suffered in some cases as a result.
We offer the following suggestions for improving the use of event study evidence in securities litigation. First, Courts should require litigants and their expert witnesses to report the results of a power analysis for all event studies. Financial economists using event studies in their academic work take power seriously. As one prominent reviewer wrote of power in this context, "An important consideration when setting up an event study is the ability to detect the presence of a non-zero abnormal return. The inability to distinguish between the null hypothesis and economically interesting alternatives would suggest the need for modification of the design." 75 That same level of rigor should apply in litigation. 76 A power analysis will tell the court whether the litigant's event study was reliable for detecting price impacts of various sizes. Securities litigants should not be allowed to say that a misrepresentation or corrective disclosure caused no price impact based on a test that had little or no power to detect a price impact that the court determines to be material, and one could imagine a court excluding any such evidence under Federal Rule of Evidence 403 as misleading. Likelihood ratios may shed further light on event study results, though it is important to report probabilities of Type I and Type II error in doing so.
Second, to address the problem of confounding effects, courts should allow litigants flexibility to present other evidence to prove that a price impact from misrepresentation or corrective disclosure did or did not occur. Such evidence may include, as it does now, intraday analyses and analyses of other news about the firm that day and quantitative analysis of its potential effect on value, but also evidence from multi-firm event studies of similar events that may shed light on the magnitude of price impacts of that type, estimates of the effects of liquidity and noise traders, and opinions based on other valuation methods such as discounted cash flow to value posited confounding effects.
Third, Courts and litigants should recognize the potential effect of low statistical power and confounding effects on detected price impacts, considering the possibility that statistically significant price impacts are biased estimates of true price impacts. Because of bias, detected price impacts are more likely to overestimate price impact than underestimate it. It is especially important to consider this possibility in evaluating securities damages. Litigants should be permitted to present evidence of the upward bias phenomenon alongside their specific arguments regarding confounding factors, even if their evidence on confounding factors is insufficient to prove a complete lack of liability.
Finally, our analysis suggests a real need to more carefully consider tradeoffs between Type I and Type II error in this litigation setting. Currently, the use of statistical significance without attention to power implements a legal regime where the probability of incorrectly exonerating securities defendants is much higher than the probability of incorrectly 75 . MacKinlay, supra note 1, at 28. 76. See generally Kumho Tire Co. v. Carmichael, 526 U.S. 137, 152 (1999) (stating that an expert should employ in court "the same level of intellectual rigor that characterizes the practice of an expert in the relevant field").
[VOL. 93:583 finding securities defendants liable. As shown in Table I , the unspoken impact of the current situation is that courts are likely to ignore some nonnegligible frauds if they are below the minimum detectable price impact in a low power SFES. This lowers the deterrent effect of the securities laws and may encourage more small-and mid-scale fraud on markets than is socially optimal given the costs of litigation. How that tradeoff should occur is beyond the scope of our Article, but addressing that important problem presents a challenge for future work.
